Abstract: A multi-criteria score-based method has been developed to assess General Circulation Models (GCMs) skill in the Yellow-Huai-Hai region for . The rank score of these criteria are applying to comprehensively assess the temporal and spatial performance of precipitation and temperature of 18 GCMs in the study region. The results indicate that: GCMs usually simulate temperature better than rainfall. The temporal and spatial distribution of simulated temperature performed well when compared with the observed data. Compared with temperature, the spatial distribution of simulated precipitation performed poor. All the GCMs underestimate the temperature and overestimate the precipitation in the study region. The method developed in this study could easily be extended to different study regions and results can be used for better informed regional climate change impact analysis.
Introduction
General circulation models (GCMs) are the most common tools for projecting the future climate changes. Errors and uncertainties in GCMs metadata afflict the entire intensity spectrum, causing especially the inability to regenerate the observed meteorological events. GCMs simulation is often characterized by biases and uncertainties that limit their direct application [1] . Uncertainty is the major shortfall of GCMs for assessing regional impacts of change. The different forcing scenarios, different GCMs and different sub-grid scale forcing and processes caused the uncertainties which limit the application of GCMs [2] . Despite continuous works to improve the GCMs' simulation capacity, the application of assessment methods is essential for the impact studies of climate change [3] . To reduce the uncertainties in the GCMs application, the GCMs have been assessed in many researches [4] [5] [6] . The assessment places emphasis on various aspects of GCMs according to its different application. For example, the long-term climate change analysis is the main work in a study, the assessment of GCMs performance before its application is focused on the temporal and spatial distribution simulations. However, the drawback of the assessment which use a single criterion is that the assessment could not general describe the skill of GCMs [4] . More criteria in the assessment process, we could have a more comprehensive understanding of the advantage and disadvantage for the GCMs. In existing studies, there is still no an assessment method of GCMs has been accepted by all researchers. How to assess the skill of GCMs before using them is becoming an interesting question. In this paper, a multi-criteria score-based method has been analyzed and all the performance of GCMs has been quantitatively calculated and examined. We will study this method with the aim to understand and capture the possible characteristics of future climate change.
(CMIP5). This data set is the most important tool for analyzing future climate change [9] . To simulate future climate change, 18 global general circulation models (GCMs) of CMIP5 are considered in this paper (Table 2-4) . Since GCM horizontal resolution varies, the GCM outputs were interpolated to a uniform resolution of 2.5º×2.5º. The grid cells distribution over the study region shows in Figure 1 . The precipitation data with good quality and continuous records for the period 1970-2005 are obtained from 128 meteorological stations (Figure 1) . To assessment the GCMs skill well, the daily data which observed by the meteorological stations were accumulated to monthly data and interpolated by the inverse distance weighted method to the 2.5º×2.5ºcells.
Methods
In this study, a multi-criteria score-based method has been developed to assess the skill of GCMs data in the regional scale. The criteria including mean annual data, standard deviation, annual cycle of the climate, normalized root mean square error, spatial distribution, climate change trend, Empirical Orthogonal Function and Probability Density Function are listed in Table 1 . In the assessment, a rank score value (RS) of 0-9, which has been used to assess each individual assessment criterion, is written in the following form:
where x i is the relative error between the ith GCM result and observation or the related statistical value for the ith GCM. As the relative error, the larger x i means the larger rank score in the GCMs performance assessment. And then total rank score of each GCM's is summated by the rank score of all criteria. Some different criteria which is belong to same statistic character, such as Mann-Kendall test Z and Trend magnitude β for trend and its magnitude analysis, EOF1 and EOF2 for Empirical orthogonal function (EOF) analysis, and the BS and Sscore of PDF (will described later), are weighted 0.5 each in this summation (Table 1) while the other criteria have a 1.0 weight. Relative error (RE) was used to quantify the similarity between simulated and observed values for long-term monthly mean and standard deviation. The skills of bias-corrected time series of water vapor budget in GCMs are evaluated by the NRMSE (normalized root-mean square error) [10, 11] . The correlation coefficient of annual cycle was calculated between observed and modeled long-term monthly mean values. Mann-Kendall test and trend magnitude method were applied to detect the long-term monotonic annual trends and quantify their magnitudes [12] . The trend magnitude β of sen's slope, is the median over all possible combinations of pairs for the whole data set [7, 12, 13] . The relative error was used to assess how close the Z statistic and β magnitude of each GCM are to the observed values. Empirical orthogonal function (EOF) analysis in this study was used to compare the spatial distribution difference of modeled climate variable and the observations [14, 15] . Because the first two leading modes of each EOF is accounting for the majority of the total variance, they have been used in this study to compare the observation and modeling data. The Brier score (BS) and Significance score (Sscore) are used for assess the monthly climate variables probability density functions of GCMs. where P mi and P oi are the simulated and observed ith probability values of each bin and n (set as 16) is the number of bins. In this study, BS is the mean squared error measure for probability forecasts [16, 17] , and the Sscore is the calculated cumulative minimum value of observed and simulated distribution for each bin which could quantifying the overlap between the observed and simulated data [18, 19] . Therefore, the BS of GCMs is smaller and the Sscore is bigger, the performance of GCMs is better. Table 2 is the assessment results of temperature performance in the Yellow-Huai-Hai region. It can be clearly seen that the mean temperature in the historic period in the study region is 8.49℃, while it is 3.62-8.09℃ of GCMs in the same period. Most GCMs underestimate the mean temperature and the standard deviation. The smaller NRMSE results indicate the better simulation for the set of data. For the monthly mean temperature, the best NRMSE for the GCMs is miroc-esm (0.22), while the NRMSE result of ipsl-cm5b-lr has the largest value in these GCMs. The simulated monthly distribution in annual cycle for each GCMs is quite similar with the observed data, which could be seen from the correlation index (all of them is large than 0.995). As a consequence, the correlation results of monthly distribution in annual cycle have been rounded to 1. The spatial temperature distribution correlation coefficients between each GCMs and observations are also larger than 0.9, which means that all GCMs could well describe the spatial distribution of mean temperature in the Yellow-Huai-Hai region. The temperature in the Yellow-Huai-Hai region is grown in the last 40 years. The Z value in Mann-Kendall test of observed temperature is 4.81 which means that the observed mean temperature is significant increased in the 0.05 significance level. However, most GCMs underestimate the trend of temperature change in this region. The trend magnitude β in sen's slope shows the similar results. The results of analyzing the spatial temperature by using the EOF show that the first and the second vector monthly temperature EOFs of observations account for 98.9% and 0.51% of the total variance (Table 2) , respectively. Actually, the result provides that the GCMs well perform the physical process of temperature variability. Empirical cumulative probability distribution (Figure 2) shows that the empirical cumulative probability distributions of monthly mean temperature which simulated by most GCMs are quite close to the observation (except the inm-cm4 and ipsl-cm5b-lr). The results of BS and Sscore are consistent with the Figure 2 that the relatively poorer performances of the inm-cm4 and ipsl-cm5b-lr models are confirmed by the larger BS and Sscore. The skill of GCMs has been evaluated and the final score of each model has been calculated. The ccsm4 model gets the highest score while the inm-cm4 gets the lowest score. Figure 3 describes the difference of annual temperature change between the observation and the best and worst skill models in the Yello-Huai-Hai region. We can see clearly that even though the ccsm4 model has underestimates the mean temperature, the model simulates a similar change trend with observations. In contrast, inm-cm4 model has vastly underestimates and simulates a wrong temperature change with the observations. Table 3 is the assessment results of the skill of GCMs for precipitation. Compare with the temperature, the GCMs have a poor performance for the precipitation. Most GCMs overestimate the values of precipitation and the standard deviations. Especially the precipitation of bun-esm model is 1256mm, which is twice more than the observations. The value of NRMSE for precipitation is much larger than it for temperature. The correlation coefficient of monthly precipitation in annual cycle of GCMs is less than it for temperature but most value of the correlation coefficients is still more than 0.9. The spatial correlation coefficient of GCMs only between 0.45-0.82, which means the simulation of GCMs in spatial precipitation distribution is much worse than it in temperature. By using Mann-Kendall test, the precipitation of GCMs shows different change trends which indicate that the simulated precipitation of GCMs is much uncertainty than temperature. Because the physical mechanism of precipitation occurrence is mainly influenced by the large-scale circulation factors, the uniform spatial distribution of simulated precipitation indicates that it could not explain the influence of circulation factors well. The empirical cumulative probability distribution of GCMs monthly precipitation has compared with the observation in Figure 4 . Most GCMs overestimate the high precipitation in the probability distribution, which is consistent with the result of annual precipitation analysis. The result of higher BS and lower Sscore also indicate that the temperature simulation of GCMs is better than precipitation. After we assess the performance of all GCMs by using the Ranking Score, the results have been shown in the Table 3 . The csiro-mk3.6 has a best performance while the bnu-esm is the worst. Figure 5 describes the annual precipitation change in the study region. The bnu-esm model vastly overestimates the annual rainfall in the study region and the model seems have a reverse change when compared with the observation. Even the csiro-mk3.6 also appears that it slightly overestimate the annual precipitation in the study area and has a different fluctuant change with observation before 70s, the csrio-mk3.6 model has a quite similar fluctuant change with the observed data after 1975. According to the Table 4 , the simulation of GCMs for temperature is better than precipitation. For the same GCM model, it will provide a different result for the GCM model performance if it had been assessed with the different climate factor, such as the bnu-esm model, it is the 4 th better model for simulating the temperature but it is the worst model in the 18 GCMs for simulating the precipitation.
Results

1) The assessments of temperature
2) The assessments of precipitation
Conclusion
In this paper, a multi-criteria score-based method has been developed to assess GCMs performance in the Yellow-Huai-Hai region. The rank score of these criteria are applying to comprehensively assess the temporal and spatial performance of precipitation and temperature of 18 GCMs in the study region. All GCMs have a good performance in simulating temperature. Although all the models have underestimated the mean temperature, the result of temporal and spatial distributions is quite close to the observation. The skill of GCMs in simulating precipitation is worse than it in simulating temperature. Most GCMs overestimate the mean precipitation in the study area. 
